Deploying virtual reality (VR) streaming systems over wireless networks can provide an immersive environment for users without behavioral restrictions, and thus has drawn considerable attentions recently. MPEG-I as a new panorama video standard just targets such immersive multimedia applications. Although multiple VR delivery schemes have been proposed, MPEG-I has not been sufficiently researched, especially for multicast scenarios. Therefore, in this paper, we would like to design a multicast scheme to deliver 360 VR videos with MPEG-I format. Specifically, based on the prediction of users' viewports, we formulate an optimization problem of user grouping and bandwidth allocation to maximize user utilities. To solve the problem, we first propose a method which is composed of an optimal bandwidth allocation algorithm and a two-level hierarchical user grouping scheme. Furthermore, we consider the channel feedback overhead in multicast scenarios with a large number of users. Based on a reasonable assumption, we propose a simplified grouping method with low feedback overhead. Simulation results demonstrate the effectiveness of our proposed method, which yields similar performance compared to an exhausting search method when serving a large number of users with high SNRs.
I. INTRODUCTION
Virtual reality (VR) has gained increasing popularity since it provides users with extraordinary experience through an immersive environment. Recently, with the development of communication and VR technologies, the delivery of 360 VR videos 1 becomes possible and attracts considerable attentions. For example, live popular events, such as Super Bowl and NBA, can be streamed in forms of 360 VR videos [1] .
A head mounted display (HMD) device, as a dedicated VR user equipment, allows one to view a portion of the video as seen from the center of the sphere. Most HMD devices like Oculus Rift rely on wired connection to a computer which plays the role of processing VR contents [2] . Obviously, the wired connection places restrictions on the users' movements and hampers the user experience. In order that the fully immersive experience is provided, wireless connection is necessary to be exploited by VR systems.
The associate editor coordinating the review of this manuscript and approving it for publication was Honggang Wang . 1 360 VR video is also known as sphere video, omnidirectional video or 360-degree video.
However, transmitting VR contents has emerged as a key challenge for future wireless networks. Compared with traditional videos, the size of a VR video is much larger since it involves a 360-degree view. The data rate requirement for a single VR stream may exceed 50 Mbps [3] . Moreover, a HMD has to detect a user's viewing direction and display the corresponding portion of the video in real time [4] . Otherwise, users are likely to feel dizzy. The above characteristics of VR services place much higher demands on wireless networks in terms of throughput and latency.
In order to satisfy the latency requirement, today's typical HMD devices usually fetch the entire panoramic view of the video regardless of the user's head orientation [5] . However, one can merely view a part of the 360-degree video at a certain time, leaving the rest directions of the video invisible [6] , [7] . Large bandwidth is wasted to transmit the contents that may never be requested. To improve transmission efficiency, fieldof-views (FoV) based VR delivery has been widely concerned, where a FoV or viewport presents a specific range of viewing angle. Specifically, a 360 VR video is divided into tiles and only the tiles covering a user's FoV is transmitted based on the prediction of the user's head movement and VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ channel conditions [8] . However, the prediction can hardly be extremely accurate. If a failure happens, a viewer's FOV may not be completely transmitted and the delay of recovering the required FoV will largely increase the motion-to-photon latency.
To overcome the above challenges, the MPEG organization has recently started working on MPEG-I [9] , [10] , a new standard which targets future immersive applications. Two families of coding approaches, covering typical industrial workflows, are currently considered for standardisation. MPEG-I achieves the balance between latency and bandwidth consumption. Tile-based videos and dynamic adaptive streaming over HTTP (DASH) technologies are combined together to enable the adaptive streaming of VR videos based on users' region of interest. Specifically, although 360video is transmitted in MPEG-I, a user can download the tiles that correspond to the viewport in high resolution and other tiles in low resolution. This can ensure one to perceive the VR content momentarily when adapting to head movements. By adopting a client-pull streaming mechanism, MPEG-I could enhance the quality of experience (QoE) in live VR streaming applications over time-variant channels. Since MPEG-2/4 and HEVC which are developed or co-developed by MPEG organization have achieved great popularity in the last two decades, we believe that the new MPEG-I standard will continue to be of great influence in the panorama video era to come. Therefore, we focus on the delivery of VR contents with MPEG-I format.
In addition, to support large scale streaming is a significant issue in commercial deployment of wireless VR services. For live wireless VR streaming, there is a high opportunity that multiple users view the same content simultaneously. If unicast mode is adopted, different users actually compete over the same spectrum resources, which may result in lower quality of experience. By contrast, multicast is more efficient: users who have similar requests could download the shared part of a VR content with the same wireless resources. The burden on bandwidth used to transmit VR videos can be relieved by adopting proper multicast schemes. To the best of our knowledge, there are only limited researches considering multicast of tiled 360 VR video. For example, in [11] and [12] , the authors study resource allocation schemes for wireless VR multicast by jointly considering video quality, wireless resources, transmission time and transmission energy. Although the above existing results reveal some design insights, they take no consideration of MPEG-I. Moreover, some important practical problems are not answered, such as how to divide VR users into multiple groups, how to deal with inaccurate head movement prediction, and how to reduce the overhead of channel feedback, etc.
In this paper, we intend to address the above issues in wireless VR multicast systems, and focus on two basic problems as follows:
• User grouping. The users who request the same VR content have to be divided into multicast groups. On the one hand, only users whose viewports correspond to the same tiles can share spectrum resources. On the other hand, users with similar network quality are better to be grouped together, since a user that can decode high quality videos may be forced to receive inferior versions if grouped with a user with worse channel condition. Thus, how to divide users based on both viewports and channel states is a basic issue to be considered.
• Group-level spectrum allocation. Wireless resources are allocated in group level instead of user level in multicast, which means that the users in the same group shall share the same wireless resources. How to allocate wireless resources to maximize the performance of VR services is one of the primary issues. Moreover, wireless resources are generally allocated based on channel state information (CSI). When the number of users increases dramatically, how to deal with the overhead of CSI feedback is another important practical issue. Motivated by the above concerns, we aim to investigate the multicast scheme for VR videos with MPEG-I format, and focus on the above two basic problems with consideration of user grouping, bandwidth allocation, overhead of channel feedback, etc. To the best of our knowledge, this problem has not been addressed so far. The contribution of this paper is as follows • We propose a joint user grouping and spectrum allocation scheme. The scheme includes an optimal bandwidth allocation in terms of sum logarithmical utility and a heuristic user grouping approach. The grouping method is based on K-means where users with similar network condition are clustered together.
• We consider a special case that a BS serves a large number of VR users with high SNRs. A simple but efficient grouping algorithm is proposed which can largely reduce the channel feedback overhead. Together with the above mentioned spectrum sharing approach, a joint user grouping and bandwidth allocation scheme is proposed to serve massive users concurrently.
• Simulation results show that our proposed scheme significantly outperforms baselines, and can obtain similar performance compared to an exhausting search method when serving a large number of users with high SNRs. The rest of the paper is organized as follows. Background and related work are introduced in Section II. System model and problem formulation are presented in Section III. In Section IV, we propose a joint user grouping and spectrum allocation method by solving the problem formulated in Section III. In Section V, a special case that a BS serves a large number of VR users with high SNRs is considered, and a simple but efficient algorithm is proposed. The performance of the proposed schemes are evaluated in section VI. Finally, the work is concluded in Section VII.
II. BACKGROUND AND RELATED WORK A. A BRIEF INTRODUCTION OF MPEG-I
MPEG-I which targets future immersive applications defines a format for omnidirectional media (OMAF). The goal of this new standard is to enable multiple forms of audio-visual immersion with various degrees of true 3D visual perception. Currently, there are three different approaches under consideration for inclusion in MPEG-I, namely: viewport-agnostic streaming, viewport-dependent streaming and tile-based streaming [13] .
Among the above mentioned three methods, tile-based steaming is the most efficient and promising one. In this method, a VR video is spatially segmented into tiles, each of which is encoded into different adaptation sets of representations. By adopting the same transmission manner as dynamic adaptive streaming over HTTP (DASH), MPEG-I can adaptively select the video representation according to available bandwidth and local resources [14] . An example is shown in Fig. 1 , where a MPEG-I server prepares multiple adaptation sets of tiles, and a client downloads tiles that cover its viewport in high resolution and selects other auxiliary tiles in low resolution. In this way, MPEG-I reduces the waste of bandwidth. Moreover, a relatively low resolution view is always available even if a wrong viewport content is downloaded due to the inaccurate prediction of head movement. Therefore, a user does not need to wait for the response of its actual viewport request from the VR server, which guarantees the low latency of VR services.
B. RELATED WORK
The existing literature has studied a number of problems related to the delivery of 360 VR videos via wireless channels, such as in [15] - [20] .
In [15] , the authors consider 360 VR video transmission over wireless networks, and optimize video encoding parameters to maximize the utility which reflects the quality of the received 360 VR video. However, the system proposed in [15] is based on single-user transmission, and cannot efficiently manage the wireless resources for better serving multiple users concurrently. In [16] , the authors jointly consider the resource management problems in both uplink and downlink communications, where the BSs collect the tracking information from VR users over the uplink and send the VR contents over the downlink. A distributed algorithm based on the machine learning framework of echo state networks (ESNs) is proposed, which yields significant gains in terms of VR QoS utility. Based on the above work, the authors in [17] consider the correlation of the VR data requested or transmitted by users. This spatial data correlation are factored into a resource allocation problem in both the uplink and downlink. To maximize the users' successful transmission probability, a machine learning algorithm is proposed which uses ESNs with transfer learning to cope with the changes of wireless networks. Further, VR content caching and unmanned aerial vehicles (UAVs) assisted network are introduced in wireless VR delivery in [18] and [19] . In [18] , the problem of content caching and transmission is studied for cache-enabled that service ground users over the licensed and unlicensed bands. In [19] , a wireless virtual reality (VR) network is considered in which cellular-connected UAVs capture videos on live games or sceneries and transmit them to base stations that service the VR users. In both the above two works, joint content caching and transmission problems are formulated with similar goals to maximize the users' reliability. To address this types of problems, distributed machine learning algorithms are derived based on liquid state machine (LSM) and ESNs to determine the content caching and the resource allocation. However, the works in [16] - [19] ignore multicast opportunities for serving concurrent viewers, and hence their results may not be efficient for VR multicast scenarios.
In contrast, the works in [11] , [12] , [21] focus on 360 VR multicast schemes which can exploit multicast opportunities to improve transmission efficiency. In particular, the authors in [21] propose a tile-based VR multicast scheme to optimize the modulation and coding level. In the proposed heuristic algorithm, each tile is treated separately which may not guarantee desirable performance. To investigate the influence of FoVs and channel conditions and obtain better resource allocation for 360 VR videos, the authors in [11] and [12] study multicast schemes under different situations. Specifically, for given video quality, wireless resources such as subcarrier, transmission time and power are optimized to minimize the transmission energy; for given transmission energy, the received video quality is maximized through efficient VOLUME 7, 2019 resource management. Although the above results reveal some design insights, they take no consideration of MPEG-I, and therefore are inefficient to deliver tile-based videos with MPEG-I format. Moreover, they have not considered some important practical issues, such as how to divide VR users into multiple groups, how to deal with inaccurate prediction, and how to reduce the CSI overhead, which are all addressed in our approach.
III. SYSTEM MODEL AND PROBLEM FORMULATION A. NETWORK MODEL
We consider a wireless tile-based VR video multicast system based on MPEG-I. Assume there are a set N = {1, 2, · · · , N } of subscribing users requesting for a VR video simultaneously. These users are uniformly distributed in a single cell area with radius R. A base station (BS) locates at the center of this area acts as both a VR controller and a content transmitter. The BS tracks the head movement of VR users, and predicts their viewports in the near future. Based on the predicted information, the BS transmits VR video signals using fixed power. Since the received power attenuates as a function of distance from the BS, according to the path loss model, the average SNR of user n can be expressed by
where P n is the received power of user n, σ 2 denotes the average thermal noise power, and λ is the pathloss exponent. d 0 denotes distance from the BS to a reference point, and P 0 is the average power measured at d 0 .
If all wireless resources are allocated to user n, the achievable transmission rate is given by
where W is the available bandwidth of the BS.
B. VR APPLICATION MODEL
The tile based VR contents are compressed and delivered according to the MPEG-I standard. As shown in Fig. 1 , a VR video is first split into T tiles, each of which corresponds to a view angle of the 360-degree video. A tile is encoded into multiple versions with different bitrates. These versions are further divided into two adaptation sets: the first half of the highest versions belong to a high adaptation set and the others form a low adaptation set, respectively. Therefore, for a VR video, there are a total of 2T adaptation sets. During the wireless VR services, users consecutively downloads the tiles that cover their viewports from high adaptation sets and others from low adaptation sets. These downloaded tiles are finally stitched back together to form a whole 360 VR video. Moreover, head movement prediction plays an important role in VR multicast systems. There are multiple techniques developed to estimate the viewports of users for the next moment based on previous viewing directions, such as the methods in [22] , [23] . However, the prediction can hardly be extremely accurate. A failed prediction may cause one or more tiles with relatively low quality to be displayed in one's field of views, which impairs the QoE of users. Let p s denote the prediction accuracy of a tile included in the future viewports, i.e. the ratio between the numbers of correct predictions and total predictions, where 0 ≤ p s ≤ 1. For a given prediction algorithm and a specific VR video, p s can be estimated as a constant value.
C. HIERARCHICAL USER GROUPING
The MPEG-I protocol encodes VR data into tiles according to users' viewports, and different users scarcely experience identical channel conditions. As shown in Fig. 2 , by taking into account we divide the VR users into two levels of multicast groups hierarchically, which are respectively referred to as high level (HL) group and low level (LL) group:
• HL grouping: We first divide VR users into a set M = {1, 2, · · · , M } of groups according to their viewports. Specifically, a user downloads the tiles that cover its viewport from a high adaptation set and other tiles from a low adaptation set which are stitched together to form a VR video. Only the users that download tiles from a same adaptation set are clustered into a HL group. Each user belongs to T HL groups simultaneously, because a total of T tiles have to be downloaded from T different adaptation sets concurrently. Obviously, M ≤ 2T because not all adaptation sets are requested by users in a multicast session. We define a constant binary value I m,n to represent the relationship between user n and HL group m, where I m,n = 1 means user n belongs to HL group m and I m,n = 0, otherwise.
• LL grouping: A user with good channel condition may be forced to receive low quality videos when grouped together with those experiencing poor channel conditions. Therefore, we further divide the users with similar channel conditions into LL groups for efficient video delivery. Specifically, let N m denote the number of users in HL group m. Within the group, the N m users are divided into a set K m = {1, 2, · · · , k, · · · , K m } of LL groups according to their channel conditions, where K m is an optimization variable that should be determined properly. Unlike HL grouping, each user only belongs to one LL group. Let the binary variable b n m,k be a grouping indicator, where b n m,k = 1 means user n belongs to group (m, k), i.e. the kth LL group in the m-th HL group; otherwise, user n is not included in the group. According to the above mentioned hierarchical user grouping scheme, b n m,k should satisfy the following constraint
In order to guarantee that all users can successfully decode the received signals, video data should be transmitted according to the worst channel conditions in each group. Therefore, based on (2), if all bandwidth is allocated to group (m, k), the achievable transmission rate of group (m, k) is given by
Obviously, R m,k depends on the values of K m and b n m,k .
D. UTILITY MODEL
Given that users within a LL group request the same representation of a tile, we assume that they have identical video replay rate, file downloading rate, and viewing experience. Let x m,k ∈ [0, 1] denote the percentage of resources allocated to group (m, k). Therefore, the download rate of each user in group (m, k) is given as x m,k R m,k . The accumulation of x m,k is equal to 1, which is given by
It is well known that the video quality has a nonlinear relationship with the video rate, because one's experience saturates at higher rates. Since each tile of our considered 360 VR video is delivered based on DASH protocol, we adopt a widely used logarithmic utility as the performance metric [24] , which is able to reflect the quality of experience for DASH-based video streaming. The utility of HL group m can be defined as a function of video rate:
where R m max denotes the bitrate requirement of the highest video representation in HL group m; B is a constant coefficient to let the utility be a positive value which can be empirically determined for different applications; N m,k denotes the number of users within group (m, k) which can be expressed as
The tiles covering the viewports of users devote mostly to the quality of viewing experience. Therefore, we adopt a sum of weighted utilities based on (6) as the overall system utility:
where p m denotes the weight of HL group m. Obviously, a large weight should be assigned to a high adaptation set.
In our scheme, we define the weight as a function of prediction accuracy p s :
if m corresponds to a high adaptation set,
where T H denotes the total number of tiles that are predicted to any user's viewport.
E. PROBLEM FORMULATION
To maximize the total utility given in (8), we formulate the following optimization problem:
(3), (4), (5), (7),
where the last constraint guarantees that there is at least one user belongs to a HL group and the number of LL groups does not exceed the number of users.
IV. JOINT USER GROUPING AND BANDWIDTH ALLOCATION FOR VR MULTICAST
In this section, we propose a joint user grouping and bandwidth allocation for VR multicast by solving problem (10) .
Since problem (10) is hard to be solved directly, we simplify the problem through the following steps. First, the objective function in problem (10) can be equivalently rewritten as
where N m = K m k=1 N m,k denotes the number of users in HL group m. Notice that N m also depends on the viewports of users, i.e., N m = N n=1 I m,n , which means that N m becomes constant as long as the viewports are known or can be predicted at the BS. Consequently, the second term of (11) is also a constant value, and to maximize the objective function in problem (10) is equivalent to maximizing the first term in (11) .
Moreover, we observe that when K m and b n m,k are fixed, an optimal x m,k can be obtained. To ease the solving of (10), we break the problem into a bandwidth allocation subproblem to determine x m,k and a grouping subproblem to determine K m and b n m,k . 
By using KKT conditions, the following theorem can be derived.
Theorem 1: The optimal proportions of bandwidth allocated to HL group m and LL group (m, k) are respectively VOLUME 7, 2019 given by
and
Proof: We define a Lagrange function from (12) as follows:
where µ is the Lagrange multiplier.
According to KKT conditions, an optimal solution is obtained if the following equation is satisfied:
Based on (16) and (5), we derive a close-form solution that
According to (17) , the proportion of resources given to HL group m is calculated by 
This completes the proof of Theorem 1. Theorem 1 provides a bandwidth allocation method to obtain the optimal performance which is only determined by the number of users in each group. In other words, given any grouping result, the wireless resources can be optimally allocated according to Theorem 1. Therefore, in the rest of this section, we focus on user grouping strategies.
B. PROBLEM REFORMULATION OF LL USER GROUPING
In our proposed hierarchical grouping scheme, users are first divided into HL groups according to viewports. After that, we have to determine how many groups are suitable for multicasting and which LL group a user belongs to.
To simplify the problem (10), we take the closed-form solution (14) into ( 
which can be equivalently expressed by
Problem (20) can be interpreted as: given a set S m = {log R n | n ∈ N m } of points, find a partition of S m into K m nonempty subsets, such that the objective function of (20) is minimized.
According to the interpretation above, the problem (20) can be considered as a kind of clustering problem. To reduce the complexity of the clustering problem, we sort VR users in decreasing order based on their SNRs, and propose the following lemma:
Lemma 1: Obtaining the optimal b n m,k and K m in Problem (20) is equivalent to determining (K m − 1) grouping boundaries, which separate the ordered users into K m groups and minimize the objective function of (20) .
Proof: Assume G1 and G2 are two LL groups obtained by optimally solving Problem (20) . Let u 1 , u 1 , u 2 and u 2 denote the maximal and the minimal user utilities in G1 and G2, respectively, where u 1 > u 1 and u 2 > u 2 . We further assume that u 1 is the largest among the above 4 utilities. To prove Lemma 1 is equivalent to proving that the inequality u 1 > u 1 > u 2 > u 2 is always satisfied, which indicates that the utility ranges of different groups are not overlapped in the optimal grouping results.
In the following, the lemma is proven in a contrapositive form. Assume the inequality u 1 > u 1 > u 2 > u 2 does not hold. Then, there are only two possible relationships as follows:
Case 1 (u 1 > u 2 > u 1 > u 2 ): In this case, we can improve the performance by swapping the users with utilities u 2 and u 1 , and keeping other users in G1 and G2 fixed. Obviously, the numbers of users in G1 and G2 are not changed before and after swapping. According to the objective function of (20), the sum utility of a group is determined by both the number of users and the minimal logarithmic utility. Therefore, the swapping procedure has no impact on the the sum utility of G2, but increases the sum utility of G1. This is contrary to the optimality hypothesis.
Case 2 (u 1 > u 2 > u 2 > u 1 ): Similar as Case 1, we can swap the users with utilities u 2 and u 1 to improve the overall logarithmic utility, which is also contrary to the optimality hypothesis.
Therefore, the inequality u 1 > u 1 > u 2 > u 2 can be obtained, which completes the proof.
According to Lemma 1, we can group VR users by determining a set of grouping boundaries. To obtain the optimal solution, we can try all possibilities of grouping results and chooses the best one. However, the computational complexity of such an exhaustive method is 2 N m , which is not affordable for practical deployment when the number of users is large. Therefore, in the following, we design a polynomial algorithm to cluster VR users. We first provide a method to automatically determine the number of groups. Then, a user clustering method based on K-means is proposed.
C. DETERMINATION OF K M
In the LL grouping procedure, we first calculate the achievable logarithmic utility log R n for users in HL group m based on their estimated SNRs according to (2) . The users are then clustered into K m LL groups. Intuitively, a large K m impairs the spectrum efficiency, because each of the K m LL groups exclusively occupies wireless resources. Conversely, by assigning a small value of K m , wireless resource can be shared by more users and spectrum reusability can be improved. However, users with large achievable logarithmic utility may suffer from the high diversity in channel conditions and receive an inferior version of video tiles. Generally, an appropriate K m should be neither too large nor too small.
We propose an algorithm to determine K m , so that the total utility of each HL group is maximized. We search for an appropriate value of K m from 1 to √ N m . In each loop, the users in HL group m are divided into K m LL groups by using the clustering algorithm which will be described in Section IV-D. A sum of user utilities is obtained for each K m . The value that we select for K m is the one with the maximum sum of utilities.
D. USER CLUSTERING
Let S m = {S m,1 , S m,2 , · · · , S m,K m } denote the LL grouping result for HL group m, where S m,k denotes the user set of group (m, k). According to Lemma 1, S m can be obtained by determine a set of grouping boundaries. Based on K-means and Lemma 1, we propose the following method to divide users in HL group m in to K m LL groups:
• Step 1) K m users are randomly selected from N m , and their achievable utilities are set as cluster centers, denoted by u m,k , where k = 1, 2, · · · , K m .
•
Step 2) Determine the group boundaries between each two adjacent clustering centers. In particular, the k-th boundary separates users with utility between u m,k and u m,k+1 into two parts: the users with utilities larger than the boundary are clustered into set S m,k and others are clustered into set S m,k+1 . Moreover, since the user set N m has been sorted in decreasing order, we can adopt binary search to reduce the number of iterations. The whole joint user grouping and bandwidth allocation algorithm composed of the methods in Section IV-A, Section IV-C and Section IV-D is summarized in Algorithm 1.
Given that our proposed grouping method is based on Kmeans, according to [25] , the complexity of dividing users in HL group m into K m LL groups is given by O(N m K m T ), where T is the number of iterations needed until convergence. Since we search a proper K m from 1 to √ N m , the overall complexity of the LL grouping for HL group m can be derived as O(N 2 m T ). In practice, T is often small, and results only improve slightly after the first dozen iterations [26] . Therefore, our proposed method has advantage of fast convergence, and can be finished within polynomial time.
V. SPECIAL CASE: A LARGE NUMBER OF USERS AT HIGH SNR RANGES
We further consider a VR multicast scenario with massive users. In this extreme case, the overhead of channel state information (CSI) feedback should be effectively overcome. Otherwise, the CSI feedback might occupy a large amount of wireless resources and the communication efficiency would be significantly reduced. In this section, we consider a special case of Problem (10) and derive a simple but efficient VR multicast scheme without the feedback of channel conditions, which is referred to as S-JGBA in this paper.
Our proposed scheme is based on the following high SNR assumption:
Assumption 1: (High SNR condition ) Assume our considered system works at high SNR ranges which is defined as
The above assumption is reasonable because wireless networks have to provide enough transmit bandwidth for VR video services, otherwise one may experience unacceptable inferior video qualities. The high SNR condition guarantees that the SNR of the weakest user who usually locates at the cell edge is no less than a fixed threshold. We will explain why the constant √ 5+1 2 is chosen in the proof of Theorem 2. Given that the VR users are randomly distributed in a single cell, based on (2), the cumulative distribution function (CDF) of the maximal download rate can be derived as
where the equality (a) holds according to the result in [24] . The corresponding probability distribution function (PDF) is the derivative of the CDF given in (21):
Algorithm 1 Joint User Grouping and Bandwidth Allocation (JGBA) 1: Initialization: Estimate SNRs and viewports of all users, i.e., obtain I m,n and γ n , ∀m, n. Set b n m,k = 0, ∀m, n, k. 2: Divide VR users into M HL groups according to their viewports. 3: for each HL group m do 4: for K m = 1 : √ N m do 5: Randomly choose K m elements in N m as cluster centers u m,k , where 1 ≤ k ≤ K m .
6:
repeat 7: Determine the group boundaries using binary search.
8:
Classify user n into S m,k if it is between boundary k − 1 and k, where boundary 0 and boundary K m are two virtual boundaries with utility values −∞ and ∞, respectively. Then, update the corresponding b n m,k .
9:
Update cluster centers as u m,k , which is the arithmetic mean of log R n , n ∈ S m,k .
10:
until |u m,k − u m,k | < θ 11: Allocate bandwidth x m,k according to (14) and obtain the utility U m (K m ) based on (6). 12: end for 13: Determine an appropriate K m according to K * m = arg max Under the assumption of high SNR, we can approximate 1 + γ n to γ n , and simplify the PDF function (22) as
where α = 2 log 2 λB . The equation (23) shows that if a VR user is randomly distributed in a cell, its maximal download rate approximately follows an exponential distribution.
Next, we arrange the achievable downloading rates of VR users according to a decreasing order. Let g(n) denote the n-th largest downloading rate among all R n (where n ∈ N m ) in (20) . Obviously, g(·) is a random function because the users are randomly distributed in the cell. According to the ordered statistics of exponential distribution [27] , we obtain the following Lemma 2:
Lemma 2: The mean and the deviation of the n-th largest download rate are respectively given by
We will show in Lemma 3 that, when the number of users in a HL group is large enough, the deterministic function denoted by (24) in Lemma 2 can accurately approximate the random function g(·) with zero mean square error (MSE).
Lemma 3 (Statistical convergence of function g(·)):
Proof: The MSE of the approximation is
As the number of users increases, the MSE tends to
where C is the Euler's constant and (b) holds according to the well-known Euler's approximation of a harmonic progression. This completes the proof. Therefore, in the following, we replace R n in (20) with the mean function (24) for ease of problem solving. Moreover, inspired by the Euler's approximation of a harmonic progression, we use the following function to approximate (24) as
Finally, we summarize the LL grouping optimization problem as
where N m,k is determined by the grouping result.
In the following, we provide an optimal solution N m,k of problem (31) in Theorem 2:
Theorem 2: The optimal LL grouping method for Problem (31) with assumptions of high SNR and large number of users is to divide all users within a HL group into a single LL group.
Proof: We consider the simplest case with K m = 2 and relax the integer number of users into a continuous variable. In the following proof, we will shown that the relaxation does not result in loss of optimality. Assume there are y percents of users in the first group and 1−y percents in the second group, where 0 < y < 1. The objective function of optimization problem (31) becomes o(y) = yN m log yN m (β − log y)
We define
Here, (c) holds because The second order derivatives of o(y) is calculated by + log y. Therefore, at high SNR range, the objective function of problem with 2 LL groups is convex. Since the maximum of a single-variable convex function must exist at the boundary of the feasible region, the optimal utility in the condition of 2 LL groups is max o 1
If there is only one group, the total utility is given by N m log(N m β), which is just the boundary value of the objective function. This means dividing a HL group into more subgroups will achieve no grouping gain. This completes the proof.
According to Theorem 2, a simple but efficient joint grouping and bandwidth allocation scheme S-JGBA can be obtained without CSI feedback as • Step 1) Divide the VR users into M HL groups according to their viewports. • Step 2) Allocate bandwidth to the M multicast groups according to (14) .
VI. SIMULATION AND ANALYSIS
In this section, the performance of our proposed VR multicast schemes are evaluated. 
A. SIMULATION SETTING 1) NETWORK SETTING
The simulation platform is established according to the framework in Fig. 2 . The total bandwidth is set to 20 MHz. A number of VR users are randomly distributed in the service area with radius of 400 m. For simplicity, we assume that the users request the same VR video content with different viewports. The reference distance d 0 in Eq. (1) is set 100 meters from the base station. The reference SNR is determined by the transmit power of the BS. Some important parameters are summarized in Table. 1.
2) APPLICATION SETTING
We use a practical data set for performance evaluation which is the same as the one in [22] . We choose a total of 12 videos with 4K resolution from the data set as shown in Table. 2, each of which is generated using equirectangular projection and lasts for 40s. The data set also provides viewing directions in terms of pitch, yaw and roll angles of each user per 0.1 seconds. A 360 VR video is partitioned into 32 tiles, and each viewport is covered by 6 tiles. Each tile with 480 × 480 pixels is first encoded into a high adaptation set using X.264. Then, the tile is down-sampled to 240×240, and encoded into a low adaptation set. There are 5 representations with coding rate {0.1, 0.2, 0.3, 0.4, 0.5} Mbps in a low adaptation set, and {0.7, 0.9, 1.1, 1.3, 1.5} Mbps in a high adaptation set, respectively. Moreover, for simplicity of simulation, we assume the duration of a video segment lasts for 0.1s, thus The rate adaptive strategy of DASH mechanism are implemented according to [28] . During the video playback, a head movement predictor takes previous viewing angles as input and predicts the viewing directions for the next moment, such as the one in [22] . To simulate different prediction accuracies, we use a random Gaussian variable with zero mean to represent the prediction error, i.e., the intersection angle between the predicted viewing direction and the actual viewing direction. A specific average prediction accuracy can be obtained by adjusting the variance of the variable. In our simulations, the average accuracy p s can be changed from 60% to 100%, and is set to 70% in default.
3) COMPARISON BASELINE
The methods named JGBA and S-JGBA in the following simulation results refer to our proposed schemes introduced in Section IV and Section V, respectively. For comparative analysis, other three methods are implemented as comparison baselines.
• Exhaustive: The exhaustive method is an upper bound of all multicast schemes. It tries all possibilities of grouping results and chooses the one with maximum user utility. Although the exhaustive method achieves optimal performance in terms of sum-utility, its exponential complexity is not affordable for practical deployment.
• RG-Multicast: To show the advantages of our proposed methods, we implement another VR multicast method in our simulations. Since there are no existing multicast schemes for steaming MPEG-I videos, we implement a simple scheme named RG-Multicast, where VR users are sorted according to their channel conditions and those with similar SNRs are grouped together. In this method, we guarantee the similarity of users' SNR within a LL group, but select group boundaries randomly.
• Unicast: In unicast scheme, each user occupy wireless resources exclusively, and the bandwidth is optimally allocated at user level instead of group level according to (14) .
4) PERFORMANCE METRIC
Since we aim to maximize the sum of user utilities in our problem, utility is employed as our main performance metric. Moreover, MPEG-I videos are delivered based on DASH protocol, whose QoE is largely affected by throughput, interruption and latency [29] . Therefore, we also measure the performance through throughput, number of pauses, duration of pauses and initial delay in our simulations. Fig. 3 illustrates the total and average utilities versus the number of users under different VR delivery schemes and the utility performance for each user. The SNR is set to 18 dB at a reference distance of 100 meter. As shown in Fig. 3a , the total utilities of the four multicast schemes are generally increasing with user number changing from 5 to 30. In contrast, the utility of unicast first ascends and then descends with the increase of users. When the BS serves 5 users, the utility gap between unicast and multicast schemes is small. This reflects that the performance gain obtained from multicast is limited. However, as the number of users rises, the utility value obtained by different schemes begin to diverge. Exhaustive searching obtains the largest utility which is an upper bound of other schemes. We can clearly observe that the performance of our proposed JGBA is very close to that of the exhaustive method. Compared with the above two approaches, S-JGBA achieves a lower utility due to the simplification in LL grouping. Compared with the other three multicast schemes, the performance of RG-Multicast scheme is the worst, which indicates that a proper design of user grouping is extremely beneficial to improving the system performance. Additionally, unicast performs poorly since it does not reuse the spectrum resources, and provides each user a relatively small bandwidth. Moreover, it can be seen from Fig. 3b that the average utilities of all schemes degrade monotonically as the number of users is increased. This is because the network is apt to allocate smaller bandwidth to each user when more VR video subscribers are competing over the wireless resources, which result in the decrease of average user utility. However, by adopting multicast schemes, the the descent trend becomes smoother compared with that of unicast. Fig. 3c shows the utility of each user individually, where the number of users is set to 10. On the whole, the four multicast schemes significantly outperform unicast. The results of our proposed JGBA and the exhaustive method are very similar for most users. However, not all users benefit equally from these multicast schemes, since the objective function is to maximize the total utility of users in the entire network. For example, user 3 achieves the largest utility when S-JGBA is adopted. The utility performance at different SNRs are compared as shown in Fig. 4 . We change the SNR at the reference distance by modifying the transmit power of the BS. A monotonic increasing trend between the total utility and the reference SNR is observed in Fig. 4 . When the SNR is low, the VR multicast schemes perform differently in terms of user utilities. However, as the SNR rises, the utilities of our proposed schemes are closed to the exhaustive method, which proves the effectiveness of the simplification in S-JGBA. In contrast, the performance of RG-Multicast is generally lower than the other three multicast schemes. In light of this, we can conclude that, there is no need to design a complicated grouping method when the SNR is high enough.
B. PERFORMANCE COMPARISON
The total utility with respect to different prediction accuracies are shown in Fig. 5 . With the improvement of prediction accuracy, the utilities of all schemes are increased. We can observe that if the prediction accuracy is changed from 60% to 90%, the improvement in user utility for all schemes will be approximately 45%. Therefore, head movement prediction plays a very important role in VR video delivery.
In Fig. 6 , we adopt four QoE metrics to compare the performance of different VR delivery schemes, i.e., number of pauses, initial delay, duration of pauses and average rate. The performance is evaluated through a time-varying network with 400 viewport change points. The QoE of a user is only determined by the quality of tiles covering its actual viewport. Therefore, if the head movement prediction fails during the VR service time, low resolution tiles will be observed, which will impair the QoE. Moreover, prediction accuracy, number of users and reference SNR are set to 90%, 20 and 20 dB, respectively. The same rate adaptation mechanism [28] is adopted in all schemes. As shown in Fig. 6 , the unicast method is inferior to the 4 multicast schemes in all the QoE metrics. The performance of JGBA and S-JGBA are closed to the exhaustive method in number of pauses, initial delays and duration of pauses, and both of them outperform RG-Multicast. With respect to the average rate, JGBA and S-JGBA achieve similar performance, and the exhaustive approach performs slightly better than our proposed schemes. In general, at a relatively high SNR ranges, our proposed schemes outperform largely the unicast scheme as well as RG-Multicast. Similar QoE performance of exhaustive search can be obtained by adopting our proposed methods without the cost of high complexity.
VII. CONCLUSION
In this paper, we consider the wireless multicast problem for VR videos with MPEG-I format. By utilizing the communication and computation resources at the edge of mobile networks, head movement prediction, video tiling, user grouping and resource allocation can be realized in real time. Based on the prediction accuracy, we formulate a joint user grouping and bandwidth allocation problem to maximize the sum of user utilities. To solve the problem, we first propose a scheme which is composed of an optimal bandwidth allocation algorithm and a two-level hierarchical user grouping method based on viewports and channel conditions. Furthermore, we consider the channel feedback overhead in multicast scenarios with a large number of users. Based on the fact that VR applications usually require large receiving SNR to support their high throughput, we simplify the optimization problem and propose a grouping method without channel feedbacks. Simulation results show the effectiveness of our proposed methods, which can achieve nearly the same performance of an upper bound when serving a large number of users with high SNRs.
